The microbial ecology of oligotrophic deep ocean sediments is understudied relative to their shallow counterparts, and this lack of understanding hampers our ability to predict responses to current and future perturbations. The Gulf of Mexico has experienced two of the largest accidental marine oil spills, i.e., the 1979 Ixtoc-1 blowout in the Southern Gulf of Mexico (GoM) and the 2010 Deepwater Horizon (DWH) discharge in the Northern GoM. Microbial communities were characterized via next generation sequencing of SSU rRNA gene sequences for 29 sites across multiple years in the Gulf of Mexico, represented by >700 samples. The distribution of seafloor microbial communities was elucidated and found to be surprisingly consistent across the entire region in terms of the OTUs detected and their relative abundances. The composition of the seafloor microbiome was well approximated by the overlying water depth and depth within the sediment column, which together explained 38% of the observed variation. In contrast, geographic distance had a limited role and explained only 6%. Biogeographical distributions were used to generate a depth-stratified machinelearning based predictive model for over 4000 dominant OTUs that relies on easy-to-obtain geospatial variables. Microbial community structure is linked to oxygen penetration depth and sediment geochemical regime, which are likely controlled through carbon delivery. Our results further demonstrate that sediments impacted by the DWH spill had returned to near baseline conditions after two years. The distributions of key microbial populations can now be calculated and constrained across the region while deviations from these predictions may be evaluated to pinpoint impacted sites, and more importantly, in future response efforts or long-term stability studies.
Introduction
The deep ocean floor at greater than 1000 m water depth covers approximately 50% of the Earth's surface. The seafloor of the deep ocean is comprised predominately of muddy sediments, and solute transport rates in these sediments are dominated by diffusion, while larger particles are transported through burial (Burdige, 2006) . The biogeochemistry regimes of deep ocean sediments are largely governed by the quality and quantity of deposited organic matter, and nearly all organic matter introduced into these sediments originated in the photic zone via photosynthesis or via the transport from terrestrial sources (Arndt et al., 2013; Jørgensen and Boetius, 2007) . Furthermore, in deep ocean environments, the majority of organic matter is decomposed while traveling through the water column prior to reaching the seafloor (Canfield et al. 2006) . Therefore, oligotrophic sediments typically have very low organic carbon contents and <20% is recognizable as one of the main biomolecular classes (Canfield et al. 2006; Teske 2013) .
In contrast to the complexity and patchiness of the sedimentary carbon content, the oligotropic deep ocean is characterized by consistent physiochemical gradients (temperature, pressure, salinity, pH) that are often noted as the primary variables in controlling bacterial diversities in other environments (Bienhold et al., 2012; Lozupone and Knight, 2007) . In part, this temporal and spatial stability is thought to contribute to the higher diversity and lower variation in community structure observed in deep marine sediments compared to their coastal and pelagic counterparts (Bienhold et al., 2016; Jørgensen and Boetius, 2007; Zinger et al., 2011) . Additionally, bacterial communities sampled from deep benthic marine sediments across the globe have thus far demonstrated few cosmopolitan groups with most populations geographically limited to one sample or one ocean region (Bienhold et al., 2016) . However, apparent cosmopolitan populations detected from relatively sparse datasets generally consist of the most dominant groups detected, namely the JTB255 clade (Gammaproteobacteria, Xanthomonadales) and the OM1 clade (Actinobacteria, Acidimicrobiales) (Bienhold et al., 2016) . The main environmental variables identified driving community composition are the total organic carbon content, water depth, geographic distance, and overlying ecosystem productivity (Bienhold et al., 2016; Wei et al., 2010; Zinger et al., 2011) .
While deep marine sediments are thought to be relatively stable, they are not impervious to ecological disturbances including phytoplankton and marine snow deposition (Billett et al., 1983) , whale-falls (Smith and Baco, 2003) , biogenic burial (Kukert and Smith, 1992) , and sediment transport (Aller, 1989) . In macrofaunal communities, these processes along with slow recovery rates contribute to a high level of diversity and patchy composition (Ebbe et al., 2010; Kukert and Smith, 1992) . Much less is known about how benthic microbial communities respond to disturbances.
One glaring example of such a disturbance is the Deepwater Horizon oil spill (DWH), which represents the largest accidental marine oil spill in history, released an estimated 4.1 -4.9 million barrels of crude oil and a third as much natural gas at approximately 1500 m water depth (Joye et al., 2011; Lubchenco et al., 2010) . Although the amounts and chemical composition of DWH oil remaining in the environment remain uncertain, the largest reservoir is thought to be primarily in deep ocean sediments with a considerable, but unknown, amount deposited near coastal sediments or onshore (King et al., 2014) . Approximately 12% of the 2 million barrels entrained in the deep ocean was transported to a 3200 km 2 region of the seafloor (Joye, 2015; Valentine et al., 2014) . The fate of this oil will largely be determined by microbial metabolisms in these environments and by burial.
A substantial challenge in determining the impacts of this oil being deposited into deep ocean sediments is the nearly complete lack of studies on benthic microbial communities performed prior to DWH. Due to interest in the Gulf for petroleum exploration, previous studies focused almost entirely on deep subsurface sediments with the shallowest samples collected at ~4 meters below the seafloor, or on sediments impacted by natural hydrocarbon seeps (Biddle et al., 2011; Nunoura et al., 2009; Orcutt et al., 2010) . Due to this limitation in the knowledge of surficial microbial communities, the majority of studies on deep ocean sediments associated with the DWH event used samples that were collected outside of impacted areas as controls (Kimes et al., 2013; Liu and Liu, 2013; Mason et al., 2014; Yang et al., 2016) . Sediments were primarily impacted as deep water oil intrusion layers impinged on the seafloor and by a large sedimentation event of marine oil-derived snow Hollander et al., 2013; Passow et al., 2012; Romero et al., 2015; Valentine et al., 2014) . While the datasets on benthic microbes are limited to relatively few samples, results indicate that microbial communities responded quickly to oil perturbation and shifts in community composition as well as total metabolic potential were observed (Kimes et al., 2013; Mason et al., 2014; Yang et al., 2016) . While there are conflicting reports and few samples (< 10), sedimentary microbial communities may have returned to baseline conditions within one year following the spill (Liu and Liu, 2013; Yang et al., 2016) .
With some similarities to the Deepwater Horizon oil spill, the Ixtoc-I well blowout that began in 1979, released approximately 3.5 million barrels of crude oil, and represents the second largest accidental marine oil spill in history (Jernelöv and Lindén, 1981) . Similar to the petroleum hydrocarbons released during the DWH disaster, Ixtoc-I crude oil was saturated with gaseous hydrocarbons and had a similar chemical composition. While the Ixtoc-I blowout occurred in shallow water (52 m water depth), subsurface plumes also appear to have formed in some regions owning to temperature and salinity density stratifications. Also similar to the DWH blowout, oil appears to have been transported to the seafloor through marine oil-derived snow and approximately 25% of the total oil released during Ixtoc is thought to have remained in seafloor sediments (Jernelöv and Lindén, 1981) . Unfortunately, the longterm fate of this Ixtoc-I oil is not well understood (Schrope, 2010) , and due to technical limitations at the time, little is known about the in situ microbial community response (Atlas, 1981) .
Here, we present the largest benthic marine microbial community study conducted to date, and by far the most extensive in the Gulf of Mexico. We focus on two regions in the Gulf of Mexico that were both impacted by massive marine oil spills. Over 700 samples were analyzed representing 29 distinct sites, across up to four years, and we generated >120 million SSU rRNA gene sequences, including both archaeal and bacterial members. Our objectives were to (1) characterize un-impacted sedimentary microbial communities to establish a baseline, (2) map the biogeographical patterns in microbial community structure across the Gulf of Mexico, (3) using this map, generate a Gulf of Mexico biogeography model of microbial community structure that can predict the abundance of dominant microbial populations, and (4) determine if impacted regions had returned to baseline conditions. For the first time on a region-wide scale, we determine the environmental parameters structuring microbial communities, including the stratification of microbial communities according to sediment depth and across oxygen gradients. In addition, we address the temporal stability of microbial communities across the region.
Material and Methods

Sediment Sample Collection
Samples were collected during five research cruises from 2012 to 2015 across the Northern and Southern Gulf of Mexico (see Table S1 , Figure 1 ). Sediment samples were collected using a MC-800 multicorer capable of collecting up to eight, 10-cm diameter by 70 cm long cores per deployment. Cores were sectioned at either sub-centimeter (2 mm sections) or 1 cm resolution using a calibrated threaded rod attached to a core clamp stand with a tight fitting plunger (see Table S1 for the full sample list) . Sectioned sediments were frozen immediately in a portable -80 °C freezer onboard the vessel and transported back to the laboratory for DNA extraction.
In the Northern Gulf of Mexico (GoM), we collected sediment samples across approximately 100,000 square kilometers, primarily focusing on the Desoto Canyon feature and in close proximity to the Deepwater Horizon well-head (Table S1 , Figure 1 ). Sampling sites ranged from 56 m (SL1040) near the Mississippi River Delta to 2293 m (DSH09) southeast of the DWH wellhead, spanning three years (2012 -2014) and four sampling time points (Table S1 ). In the Southern Gulf of Mexico, sampling sites spanned approximately 40,000 square kilometers ranging from 16-1470 m, primarily focusing on the Ixtoc-I well blowout site and the western transect ( Figure 1 ) (Soto et al., 2014) . Cores from the southern GoM were all collected from one cruise in 2015. For each region, sediment core profiles extend to at least 10 cm depth below the seafloor, with a subset including sections up to 20 cm of the sediment column. Our experimental design incorporated multiple levels of replication to address variation due to sampling effort, as well as spatial and temporal heterogeneity. These include: (1) technical replicates with duplicate DNA extractions performed and separate libraries generated on the same depth section, (2) multicore cast replicates where triplicate cores from the same cast were analyzed separately representing variation across approximately 1m 2 of the seafloor, (3) replicates at the site level where triplicate casts were deployed at the same site and cores from cast was analyzed separately, and (4) temporal replicates where the same site was sampled up to 4 times in 3 years ( Figure S1 ).
Oxygen Profiles
Oxygen concentration profiles were determined using a Presens Microx4 needle-microoptode (Presens, Regensburg, Germany) along with a CHPT micromanipulator (Composite High Pressure
Technologies, Lewes, Delaware). Immediately after the cores were retrieved from the multicorer, a core was mounted on the extruder for stabilization and oxygen was profiled at mm-scales until the sensor measured 0 umol/L oxygen concentration. This was typically accomplished in < 15 minutes, although deeper sites required longer profiling times. Between sites, the optode was calibrated following the manufacturer's protocol using sodium sulfite for the 0% solution and bubbling with air for the 100%
solution. The depth of oxygen penetration was imported into Ocean Data View v4.6.3 (Schlitzer, 2012) and predictive surfaces were generated using DIVA gridding with automatic scale lengths and with a signal to noise ratio of 50.
DNA Extraction, SSU rRNA Gene Sequencing and Processing
Sediment was sub-sectioned using a flame sterilized drillbit and total genomic DNA extractions performed on approximately 0.25 g using a MoBio Powersoil DNA extraction kit following the manufacturer's protocol. Samples collected in 2012 and 2013 were extracted using the MoBio Powersoil Highthroughput extraction kit, while those from 2014 and 2015 were extracted using the single-prep kit.
The V4 region of the SSU rRNA was amplified using the commonly used 515F/806R primer set that targets both Archaeal and Bacterial domains and sequenced on an Illumina MiSeq with 2x250 v2 chemistry (Caporaso et al., 2012; Green et al., 2015, see Supplementary Information) . All paired-end reads were merged using PEAR v0.9.6 with default parameters (Zhang et al., 2013) and assembled reads were quality filtered in QIIME using a minimum phred score of 30 (Q=30) (J. .
Mothur was used to remove sequences less than 250bp or greater than 255bp (Schloss et al., 2009) . De novo based chimera detection followed by reference based chimera detection against the SILVA gold database was performed with vsearch v1.9.6 (Rognes et al., 2016) . The remaining high quality sequences were dereplicated using vsearch v1.9.6 and operational taxonomic units (OTUs) were picked using Swarm v2.1.8 with default parameters (Mahé et al., 2014; Rognes et al., 2016) . Overall patterns were similar as determined with uclust_reference and de novo based methods, but these would not complete on the full sample set (data not shown, a brief discussion is available here:
http://waoverholt.github.io/testing_otu_picking/).
Singletons and OTUs present in less than 10 samples were removed, producing approximately 300,000 OTUs using 47 million reads (75% of initial raw reads). Samples with less than 5000 sequence counts were removed from further analysis. Taxonomic affiliations for each OTU were determined using the SILVA v123 database formatted for use with QIIME (J. G. Quast et al., 2012) . Representative sequences were aligned using the PyNAST implementation in QIIME with the SILVA alignment and a phylogenetic tree for determining phylogenetic diversity metrics was generated with fasttree v2.1.3 (J. G. Price et al., 2010) . All raw sequences have been uploaded to NCBI under Bioproject PRJNA414249.
OTU Analysis
OTU counts were normalized using the metagenomeSeq package in R, scaling by 1000 and without a log-transform (Paulson et al., 2013) . Trends were confirmed with rarefaction to 5000 sequences per sample (data not shown). Beta diversity was determined using Bray Curtis dissimilarity implemented in the R package 'vegan' (Oksanen et al., 2007; R Core Team, 2014) , while weighted and unweighted Unifrac distances were calculated using the implementation found in the R package 'phyloseq ' (McMurdie and Holmes, 2013) . Patterns were consistent and Bray Curtis dissimilarities are
shown. Nonmetric multidimensional scaling (NMDS) ordination was generated using the R package 'vegan' without transformation and patterns were indistinguishable to those observed using Principal
Coordinates Analysis (PCoA) also generated with 'vegan' (Oksanen et al., 2007; R Core Team, 2014) .
Patterns in Bray Curtis dissimilarities were tested using multiple linear regressions in R (R Core Team, 2014). The most significant regression used the formula (dissimilarity ~ sediment depth difference * water depth difference * geographic distance * Sampling Year). Linear regression models were compared using Analysis of Variance (ANOVA), and the percent each variable contributed to the patterns observed was determined with ANOVA (Table S2 , Table S3 ). While all interaction terms were significant, only those that contributed >1% variance were retrained and the model was reconstructed after dropping those terms to reduce its complexity (dissimilarity ~ sediment depth difference + water depth difference + geographic distance + sampling year + sed:water). All plots generated use the ggplot2 package in R (R Core Team, 2014; Wickham, 2009 ).
Meta-Analysis: Incorporating Impacted Surficial Sediments
Sequences generated by Mason and colleagues targeted the same region of the 16S rRNA gene, although sequence lengths were substantially shorter (on average 100 bp after Q30 trimming) (Mason et al., 2014) . These sequences were incorporated into this study by using our previously identified OTUs as reference sequences and using the QIIME script 'parallel_pick_otus_uclust_ref.py'. Without chimera checking (as the references were already cleared) we matched 75% of all Mason 16S sequences (20 million reads) to one of our OTUs at 3% sequence difference or less. Since the Mason et al., 2014 study used only surficial sediments (top 1 cm), we restricted our comparison samples to include only depths in the same interval.
Constructing a Gulf-Wide Model for Microbial Community Composition
A model for microbial community composition across the Gulf of Mexico was constructed using random forest regression implemented in the R package 'randomForest' at the OTU level (Liaw and Wiener, 2002) . Random Forest regression is an ensemble machine learning method where multiple individual decision trees are constructed and ultimately averaged to minimize over-fitting and improve prediction accuracy. Individual decision trees are generated from a subset of the response variable (OTU abundance) and each fork or node in the tree is guided by predictor variables (again a randomized subset) to maximize differences in the branches. Random Forest is robust to outliers, does not assume specific distributions (nonparametric), and tests/trains the model by subsampling the response variable at each step and testing the decision node with the remaining data (Wei et al., 2010) .
Water depth, sediment depth, latitude, and longitude were chosen as predictor variables and were used as proxies for sediment carbon input, oxygen concentrations, geological regime shifts from E-W and N-S as well as riverine inputs. Latitude, longitude, and water depths were extracted from the NGDC Coastal Relief model (Divins and Metzger, 2008) . The Random Forest regression model for each response variable was constructed with 500 trees, a minimum of 5 terminal nodes per tree, and randomly subsampling 1/3 of the response variable (OTU normalized counts) for each node of each tree.
Only response variables of which >50% of the variance could be explained by the regression forest were retained. The effectiveness of the model was evaluated by randomizing the predictor variables 1000 times and comparing the total root mean squared error calculated using:
where ̂ is the predicted OTU relative abundance, is the observed OTU relative abundance, and is the number of OTUs. In this calculation, the OTU abundance from every sample is used, giving one value for the trained model, and one value for each of the 1000 randomized models. The RMSE of the trained model was compared to the randomly constructed models using a Z-test. Additionally, individual sample deviations from the OTU predictions were determined using equation (1). Instead of evaluating the model, this was used to identify samples that were not representative oligotrophic Gulf of Mexico sediments (e.g. those that differed from baseline). All the code and raw data that was generated for this study can be found at GRIIDC (https://data.gulfresearchinitiative.org) and can be accessed at (doi:
10.7266/N70G3HN3).
Results and Discussion
Environmental parameters structuring benthic microbial distributions across the Gulf of Mexico
In the Northern Gulf of Mexico (GoM), we collected sediment samples across approximately 100,000 square kilometers, and in the Southern Gulf of Mexico samples span approximately 40,000 square kilometers. Sampling sites ranged from 16 to 2300 m water depth, focusing on regions adjacent to the Deepwater Horizon (DWH) and Ixtoc I blowouts. As part of this study, we address variation in community structure at different spatial resolutions ( Figure S1 ) were less similar (0.34 ± 0.09). Sampling temporally (across 3 years), lower similarity (0.54 ± 0.12) was observed, although this value may be inflated due to a small change in DNA extraction technique between 2013 and 2014 sampling years. All sites sampled at greater than 500 m water depth for the entire study show a mean dissimilarity of 0.61 ± 0.15 in comparison to a mean dissimilarity of 0.51 ± 0.13 for sites sampled at less than 100 m. However, the shallow sites were primarily sampled from the SGoM during the same year (Figure 2 C) . We note that our data suggest these communities to be more similar than other studies, likely since we are sampling the same relatively small ocean basin and our analyses employ a more restrictive OTU abundance filtering, although our ranges overlap with observations by Zinger et al. (2011) conducted over larger spatial scales in multiple oceans.
Overall, the distribution of microbial populations with sediment depth across these geographically distant regions of the Gulf were remarkably consistent, and were structured primarily based on overlying water depth along sediment core depth (Figure 2 A, B). Our sampling design focused primarily on shallow sites (<100 m) and deep sites (>1000 m), and thus the down core sediment progressions seen in Figure 2 A are structured into two main clusters primarily along the Y-axis.
However, a continuous gradient with increasing water depth is expected, and indeed such a gradient is observed at the sites >1000m water depth. Performing a multiple linear regression analysis and partitioning the variance resulted in water depth explaining 22.1% of the total variation (F = 1.29e5, p < 2e-16, Table S2 ).
The effect of sediment depth is primarily observed along the x-axis with surficial sediment samples clustering in the upper right of Figure 2 proceeding down core towards the bottom left, consistent with other studies (Figure 2 B) (Teske, 2013) . Sediment depth explained 14.2% of the total microbial community variation (F = 8.3e4, p < 2e-16), and together with water depth, could explain 36% of our observed variance (74% of our total explained variance, Table S2 ). In contrast, geographic distance was of limited effectiveness in distinguishing microbial community compositions, explaining just 6% of the variance (F = 3.6e4, p < 2e-16). If we change this to a discrete variable (NGoM vs SGoM), it instead explains 4% of the variance (F = 3.2e4, p < 2e-16) and this is visualized in Figure 2 C. We note that we have fewer core profiles from the southern GoM, all collected during 2015. Similarly, we found the sampling time point explained 5% of the variance (F = 2.9e4, p < 2e-16) and differences were not visible in Figure 2 D. Due to a slight change in DNA extraction technique, the change in microbial communities with time may be partially or solely a technical issue. In total, water depth, sediment depth, geographic distance, sampling time point, and their interactions explained 52% of the observed variation. Simplifying this model by removing variables that contributed little to the percent variance explained (see methods), 49% of the observed variance can be explained (Table S2 ). Examining patterns in alpha diversity (Shannon, estimated OTUs, rarefaction curves) revealed lower metrics in samples collected at sites less than 100 m than those collected at greater than 400 m water depth, while changes in sediment depth were minor ( Figure S2 ).
This study represents the largest marine benthic biogeography study to date based on sample size and sequencing effort by a significant margin. In addition, this sampling effort was focused on a relatively small ocean region in comparison to similar studies, which provides both greater spatial resolution, while the focus on distinct regions in the Gulf of Mexico allowed for better generalization across the basin. One of the better studied regional ocean basins, with respect to biogeographic patterns in microbial community structure is the Arctic ocean (Bienhold et al., 2012; Jacob et al., 2013) . Jacob et al. (2013) used spatial variables similar to this study consisting of latitude, longitude, geographic distance, and water depth at the Arctic Long-Term Ecological Research (LTER) site to constrain microbial community variation in 13 surficial sediment samples collected along two transects. Using redundancy analysis, Jacob et al. (2013) found that bacterial community structure significantly varied with water depth and longitude (7% and 3% of the variance, respectively), while geographic distance was not significant. Somewhat surprisingly, a proxy for phytodetrius input (CPE) explained less variation than water depth, although this was potentially due to the low sampling effort. Also in the Arctic, Bienhold et al. (2012) linked microbial community structure and diversity to energy availability in benthic sediments using pyrosequencing on 10 samples and fingerprinting methods on 42 samples. Contrasting with the results from this study and with Jacob et al. (2013) , the authors linked changes in community composition primarily with geographic distance (10% of the variation), followed by sediment pigment concentrations (5%). Sediment depth and water depth had low explanatory power, although again, this may have been due in part to a much smaller sample set (Bienhold et al., 2012) . In the southern Atlantic Ocean, a study by Schauer et al. (2010) examined biogeographic patterns in deep marine surficial sediments across 3 basins (Cape, Angola, and Guinea) generating three SSU rRNA clone libraries and analyzing another 51 samples using a fingerprinting method. Their results showed that microbial communities were significantly different between the basins examined and that within a basin there was a spatial effect. In another regional study of surficial benthic microbial communities, the authors sampled 24 surficial sediments in two geographically distinct regions in a 5500 km transect in the Southern Ocean off the coast of Western Antarctica (Learman et al., 2016) . This study consisted of SSU rRNA gene amplicons generated from the same primers used in this study and found that microbial community composition was linked to the bioavailability of carbon and nutrient availability. However, this finding was confounded by large physiochemical differences between the distinct regions, that had unique community compositions (Learman et al., 2016) .
On a global scale, water depth appears to have less explanatory power than observed in this study, while geographic distance tends to have more power (Bienhold et al., 2016; Danovaro et al., 2016; Zinger et al., 2011) . This phenomenon is well documented, poorly understood, and is unlikely to be related to a breakdown in the correlation between water depth and the quality and quantity of carbon inputs (Danovaro et al., 2016 and the refs within) . In a global study, Zinger et al. (2011) constrained 22 % of the benthic microbial community variation and found that geographic distance best explained surficial microbial community variation at 6 %, similar in explanatory power to the results in this study. Zinger et al. (2011) also found that coastal benthic microbial communities varied more than their deep ocean counterparts, which is the opposite of what was observed in this study ( Figure S1 ). This could be due to several reasons including our shallow samples were mostly retrieved from the same year and sampled more extensively in one geographic region. In a follow-up, global-scale study focusing exclusively on deep marine benthic microbial communities (>1000m depths), (Bienhold et al., 2016) observed that microbial communities were increasingly distinct with increasing geographic distance, and this distance-decay relationship was even greater when one considers water flow paths instead of straight lines between sites. Total organic carbon explained the most variation in microbial community structure (10%) followed by geographic distance (4%), although the sample set consisted of 1-6 samples per ocean region (Bienhold et al., 2016) . Using non-sequence based techniques, Danovaro et al. (2016) found that the absolute abundances of bacteria, total archaea, Marine Group I Archaea, and Marine
Group II Archaea did not significantly vary within the same ocean basin, however, there were differences between ocean basins. Danovaro et al. (2016) also demonstrated that archaeal and bacterial abundances were partially controlled by the same factors, namely biopolymeric carbon concentrations, and bacterial abundances were primarily influenced by carbon inputs while archaeal abundances were primarily influenced by bottom water temperature.
The results presented herein greatly contribute to the growing body of knowledge surrounding the environmental parameters structuring the seafloor microbiome. In contrast to previous work, this is the first study to examine large scale biogeographic patterns within a sediment core-profile in the deep ocean. Future global studies are encouraged to explore constraining the variation in microbial communities using a basin-based nested approach to improve the statistical models. However, sufficient samples from the region need to be collected in order to explore basin-wide biogeographic patterns.
Here we demonstrate within the Gulf of Mexico water depth explains a relatively high percent of total variation compared to similar studies even though we do not focus solely on surficial sediments. This result is likely due to close coupling with organic matter inputs in the region (discussed below).
Sedimentary oxygen concentrations throughout the Gulf of Mexico
Sedimentary oxygen profiles were determined for 42 sites across the northern and southern regions of the Gulf of Mexico using a micro-optode and micromanipulator at millimeter resolution.
Oxygen profiles were obtained at the majority of sites where cores were sectioned for microbial community composition analysis, as well as over a substantially larger area ( Figure 1 , Table S1 ). Typical core profiles are found in Figure 4 (B, D), while the interpolated maximum oxygen penetration depths across the study area are shown in Figure 3 A. At shallow, neritic sites, oxygen was depleted within the first millimeter, while oxygen penetration depths extended to 16 cm at the deepest sites (~ 3700 m). As anticipated, oxygen penetration increased nearly linearly with increasing water depths (Figure 3 B, Wenzhöfer and Glud, 2002) . This likely results from a greater amount of phytodetritus reaching the seafloor in shallower environments as well as increases in primary productivity closer to the coast (Glud et al., 2013; Honjo et al., 2008) . On the shelf, elevated chlorophyll α and β concentrations and depleted major nutrients are indicative of higher primary production (Moss et al., 2016) . The oxic-anoxic interface was closer to the sediment surface in the northern Gulf in comparison to the southern Gulf at similar water depths, likely due to a lower sedimentary carbon deposition regulated by riverine inputs (Figure 3 C) . The northern Gulf of Mexico is greatly influenced by the Mississippi River, the fifth largest river by volume in the world and the primary source (~90%) of both sediment and freshwater to the entire Gulf (Dunn, 1996; Goñi et al., 1997; Meybeck and Ragu, 2012) . This region also has one of the largest and best studied anthropogenically induced "dead zones" in the world, directly related to the high nutrient loadings linked to large phytoplankton blooms and massive deposition events to the northern Gulf of Mexico (Bianchi et al., 2010; Turner et al., 2008) . Furthermore, in late 2010 following the Deepwater Horizon oil spill, a massive offshore (>300m -1500m sites) sedimentation event was observed where oily marine snow was deposited at 4-5 fold higher rates than typically observed Passow et al., 2012) . Relative to the northern Gulf of Mexico, the southern Gulf of Mexico generally receives lower riverine inputs (~10% of the northern Gulf input) (Meybeck and Ragu, 2012) .
However, our southern Gulf samples were collected in close proximity to the second largest riverine system in the Gulf of Mexico, the Grijalva-Usumacinta system as well as the smaller Coatzacoalcos and Papaloapan systems (Day et al., 1982; Soto et al., 2014) .
Inter-basin microbial biogeography
Significant differences in microbial community composition (p < 2e-16, var. explained = 4%) were observed between the northern and southern Gulf of Mexico, although these differences were small relative to the impacts of overlying water column depth and depth within the sediments (Figure 2 ). These modest differences can potentially be attributed to differences in oxygen penetration depths (Figure 4 A, B) . Overall, these data are consistent with greater organic matter deposition in the northern Gulf of Mexico due to the greater carbon and nutrient contributions of the Mississippi River relative to the Grijalva-Usumacinta system (Dunn, 1996) .
It was remarkable how similar the sedimentary microbial communities in these geographically distinct regions with such different quantities of riverine inputs were, following a simple water depth adjustment.
The core seafloor microbiome across the Gulf of Mexico
Shifts in community composition with changes in water depth and sediment depth were apparent at the class level. In the deep Gulf of Mexico (>1000 m), surficial sediments (0-1 cm) were dominated by Gammaproteobacteria (25.6% ± 4.0, n = 126) followed by Marine Group I Thaumarchaeota (21.0% ± 0.08), Deltaproteobacteria (13.1% ± 3.4), and Alphaproteobacteria (10.2% ± 3.1) ( Figure 5 ). The second most abundant class we detected, the MG-I Thaumarchaeota, were missed in previous studies due to recent advances in sequencing technology and primer design (Bienhold et al., 2016; Zinger et al., 2011) . Commonly detected, but at low relative abundances in surficial sediments, were the classes Gemmatimonadetes (2.6% ± 0.63), Phycisphaerae (2.6% ± 0.84), Acidobacteria (2.0% ± 3.9), and Planctomycetacia (2.1% ± 1.5). Microbial communities were strongly stratified with sediment depth. Progressing downcore, class level shifts were apparent with decreasing Gammaproteobacteria (11.3% ± 5.3 at 8-10 cm), Thaumarchaeota (4.5% ± 3.7), and Alphaproteobacteria (6.6% ± 3.5) relative abundances and corresponding increases in Deltaproteobacteria (20.1% ± 5.5), Planctomycetacia (7.2% ± 3.7), and Phycisphaerae (10.1% ± 6.1) groups ( Figure 5 ).
In general, the same progression in class level distributions occurred in each core profile.
However, the inflection points in these class distributions shifted down the sediment column with increasing water depth (Figures 2, 5 ). This was clearly observed by comparing the relative abundance of the aerobic Marine Group I (Thaumarchaeota) in sites DSH08 (1110 m), DSH10 (1500 m) and DSH09
(2293 m) ( Figure 5 ). In addition, the transition between MG-I Thaumarchaeota and Phycisphaerae typically coincided with the oxygen gradient and the oxic-anoxic interface, which increased in sediment column with increasing water depth. This oxic-anoxic transition zone also coincided with highest relative abundances of Planctomycetacia.
In deep ocean oligotrophic sediment studies conducted across the globe, Gammaproteobacteria and Deltaproteobacteria also dominate surficial communities (Bienhold et al., 2012 (Bienhold et al., , 2016 Learman et al., 2016; Schauer et al., 2010; Yang et al., 2016; Zinger et al., 2011) . Following these two classes, Alphaproteobacteria, Actinobacteria, Planctomycetacia, and Acidobacteria are often dominant and well represented. Less abundant groups include Flavobacteria, Betaproteobacteria, Gemmatimonadetes, and Chloroflexi. The majority of studies have focused on bacterial groups, however, when universal primers are used, Marine Group I Thaumarchaea are shown to be very abundant (Learman et al., 2016) .
Although previous work in the Gulf of Mexico did not incorporate Archaea, our results are corroborated by clone libraries of bacterial communities constructed from surficial sediments that were sampled prior to oil impacts which showed similar dominant classes (Yang et al., 2016) . We observed much lower relative abundances of Bacteriodetes and Betaproteobacteria across all the surficial sediments, potentially due to the different primers used or related to the sequencing size differences between these studies.
Microbial population specific distributions across the Gulf of Mexico
These biogeographic patterns were evident at higher taxonomic resolution, and the most abundant and representative OTU for 6 dominant classes were selected for further study (Figures 6, S3 , S4, S7-11). An overview for the distributions of dominant OTU across the Gulf of Mexico are presented here while the specifics are available in the Supplementary Information. The four most abundant Marine Group I OTU (Thaumarchaeota) were all phylogenetically related to Nitrosopumilus maritimus (3 OTU >97% sequence identity and 1 OTU at 93% identity). Specific OTU abundances were related to the overlying water depth, showing population level niche differences. Niche differences for these four abundant Nitrosopumilus-like populations were not driven by depth within the sediment column as was found by Durbin and Teske (2010) .
Marine Group I Thaumarchaeota are well known members of oxic and suboxic sediments (Danovaro et al., 2016; Durbin and Teske, 2010 , 2011 , 2012 Gillan and Danis, 2007; Learman et al., 2016; Pester et al., 2011) . All characterized isolates similar to these 4 OTU are aerobic autotrophs capable of oxidizing ammonia at very low concentrations. Increases in their relative abundances have been shown to be concurrent with decreases in the quality and quantity of organic carbon within sediments (Learman et al., 2016) . It has also been shown that in deep, low energy pelagic environments a large portion of Nitrosopumilus-like populations were capable of using urea as a carbon and ammonia source to fuel autotrophic nitrification (Alonso-Saez et al., 2012) . Conversely, in a global survey of bacterial and archaeal abundances in surficial oxygenated deep sea sediments, MG-I Thaumarchaeal absolute abundances were primarily related to bottom water temperatures and not to quality and quantity of carbon sources (Danovaro et al., 2016) . In the Gulf of Mexico, however, there were high relative abundances of these groups at both shallow, warm water, sites as well as deep permanently cold sites and there was not clear evidence that this group as a whole was driven by water temperature instead of quality and quantity of carbon in the distribution of dominant OTUs.
Unlike the Thaumarchaea, the dominant Gammaproteobacteria detected in the deep GoM sediments were distinct from those in the shallower sediments. While there were still water depth and sediment depth dependent shifts in these top 4 Gammaproteobacterial OTU, there was a greater distinction between shallow and deep-water sites than was observed for the MG-I. Three of the dominant OTU belonged to the JTB255 marine benthic group, currently within the Xanthomonadales.
The JTB225 marine benthic group was previously shown to be abundant and cosmopolitan at the seafloor, and was previously detected in abundance in Gulf of Mexico surficial sediments (Bienhold et al., 2016; Yang et al., 2016; Zinger et al., 2011) . A recent genomic study suggested this group is affiliated with the Woeseiaceae family and members within this group are metabolically diverse, capable of aerobic or anaerobic respiration as well as chemolithoautotrophy using reduced sulfur-compounds or hydrogen (Du et al., 2016; Mußmann et al., 2017) . These three populations show clear niche partitioning likely related to electron acceptor differences (Figure 6 , 7).
All dominant OTU affiliated with the Planctomycetacia were closely related to Candidatus Scalindua spp (99-100%). These dominant OTU are likely anaerobic ammonium oxidizing bacteria (anammox), which are chemoautotrophic, ubiquitously found in anoxic systems, and couple the oxidation of ammonium with nitrite as the electron acceptor (Oshiki et al., 2016; Penton et al., 2006) .
Members from this genus tend to be psychrophilic, and are inhibited by low sulfide concentrations (4-100 µM), which potentially explains their depth limits in our study, although it may also be due to ammonium or nitrite availability (Oshiki et al., 2016) . The Planctomycetes were nearly absent in the shallowest sites, and absent in surficial sediments, in agreement with previous studies that indicate ca.
Scalindua is more abundant in oligotrophic systems (Canion et al., 2014; Learman et al., 2016) . All dominant Planctomycetes OTU tended to reach a maximal relative abundance at mid-sediment depths below the oxic-anoxic interface with an overlapping distribution to the Nitrosopumulis-like OTUs (Figures 6, S4, S10 ). Ammonium oxidizing archaea may provide a nitrite source Scalindua, and the mostly exclusive zonation patterns observed may limit direct competition for ammonium (Lipsewers et al., 2014) .
While speculative, there was evidence of inorganic nitrogen species being important electron acceptors and donors in deep Gulf of Mexico sediments, particularly for fueling autotrophic metabolisms. In addition to the putative Nitrosopumilus-like aerobic ammonium oxidizers and Scalindua-like anaerobic ammonium oxidizers, we observed putative bacterial ammonium oxidizers (Nitrosococcus-like, and an unclassified Nitrosomonadaceae OTU) that were not present in shallow sediments and increase in relative abundance with increasing water depth ( Figure S11 ). While the uncharacterized Nitrosomonadaceae OTU (denovo23) co-occured with Nitrosopumilus-like OTU, the Nitrosococcus-like OTU populations increased in relative abundance below the Nitrosopumilus-like populations. Abundant putative nitrite oxidizers affiliated with Nitrospira and Nitropina groups were detected that were also only present in deep water sediments below the aerobic-anaerobic transition zone, similar to the Scalindua-like population distributions.
Construction of a predictive microbial community composition model throughout the Gulf of Mexico
After visualizing the consistent biogeographic patterns portrayed in Figure 2 , it was recognized that a regression-based model may be able to estimate the relative abundances of microbial groups across these regions. We employed the machine learning method, random forest regression, that has previously been successful in population distribution models (Bradter et al., 2013; Cutler et al., 2007; Hannigan et al., 2018; Lima-Mendez et al., 2015; Oppel and Huettmann, 2010; Smith et al., 2010; Wei et al., 2010) . As stated in the methods section, the model was constructed using the variables water depth, sediment depth, latitude, and longitude as proxies for carbon input, redox state, and geographic variations due to riverine inputs and differing geochronology across the Gulf of Mexico .
This analysis was run for every abundantly detected OTU (9588 OTU). All OTU with greater than 50% variance explained by the full model were retained (4129 OTU). Overall, and as expected, the models fit the observed data well (R 2 = 0.88). The residuals were weakly correlated with OTU abundance as the model tends to underestimate the very abundant OTU. The model was further tested by calculating the root mean squared error (RMSE) compared to 1000 bootstrapped randomly permuted RMSE and was found to be highly significant (p < 2e -16 , Z-test).
To verify the utility of the model, model predictions were compared with observed counts for the dominant OTU ( Figure S5 , S6-S10). However, it is anticipated that the model can be used as a tool to assess future impacted sediments that may be poorly characterized. In order to test this, we hindcasted the microbial community composition at previously impacted sediments by determining how far the observed microbial community deviated from the model's prediction. This was accomplished by calculating the total root mean squared error (RMSE) for each sample using observed OTU abundance and predicted OTU abundances, including the Mason et al. (2014) surficial sample set (Figure 7 C) . The most impacted sites had higher RMSE values than the below EPA limits sites, although both were skewed to the right of the model predictions for our data (Figure 7 C) . Therefore, while controlling for experimental based variation, this model can still be effective at determining impacts.
Impacts of the DWH and internal testing of the predictive model
The earliest samples included in this study were collected in August 2012, over two years after the Deepwater Horizon well blowout. No evidence of a large oil spill signature was detected in sediments sampled from areas known to be impacted by sedimentary oil deposition related to the DWH blowout (Chanton et al., 2012; Romero et al., 2015 Romero et al., , 2017 Valentine et al., 2014) . At the broad biogeographic scale visualized in Figure 2 , the lack of an "oil-impacted cluster" indicated that any potential impact on community composition was small relative to the strong environmental gradients influenced primarily by water depth and sediment depth. To compare our data explicitly with sediments that were shown to be strongly impacted by oil, a meta-analysis based approach was employed. We observe that all surficial sediment samples from this study, including those collected close to the DWH wellhead, clustered adjacent to samples classified as below EPA limits and were distinct from those classified as most impacted by oiling (Mason et al., 2014) (Figure 7 B) . Furthermore, the similarities between the below EPA limit samples and our dataset indicated a temporally stable and Gulf-wide conserved microbial community relative to a strong pulse disturbance. Finally, previously impacted sediments that were collected and analyzed during this study did not deviate from model predictions, unlike those collected in 2010 (Figure7 C).
These results are corroborated by a previous study that detailed a microbial community succession event in oil impacted surficial sediments immediately following the oiled marine snow sedimentation event, through the generation of full length SSU rRNA gene clone libraries (Yang et al., 2016) . The authors suggested that by November 2010 the microbial community composition once again resembled pre-impacted surficial microbial communities (Yang et al., 2016) . Our first samples were collected in August 2012 and much of our dataset comes from 2013 and 2014 for the NGoM, years following a potential return to baseline condition. We also do not observe a disturbance signature in cores collected at the Ixtoc-I wellhead or within the PEMEX (Mexican state-owned petroleum company) restricted area that has extensive oil extraction pressures. The lack of an Ixtoc-I signature in the microbial community is expected concerning the resilience observed in the sedimentary communities in the northern Gulf of Mexico, and the lack of a PEMEX oil signature indicates we did not sample sediments that were recently exposed to oil.
Conclusions
The primary objectives of this study were to define the core microbiome across the Gulf of Mexico seafloor, characterize biogeographic patterns in microbial populations in Gulf sediments, and use these results to constrain the impacts of petroleum hydrocarbons from the Deepwater Horizon oil spill to sedimentary microbial communities. Using the largest marine sediment microbial community composition dataset generated to date, we show that the distribution of microbial communities is broadly consistent across the entire region in terms of the populations (OTU) detected and their relative
abundances. We further demonstrate that the distribution of seafloor microbial communities is well approximated by the overlying water depth and depth within the sediment column, which together explain 38% of our observed variation, regardless of geographic sampling region. The small differences between the regions are potentially related to the amount of organic carbon reaching the seafloor, with the southern Gulf showing greater depths of oxygen penetration as well as microbial communities that had greater similarity to deeper counterparts in the northern Gulf. Microbial community composition across the Gulf revealed similar taxonomic groups as observed in other marine sediment biogeography studies across the globe and is dominated primarily by groups that are poorly characterized with unknown ecological functions within the sediment.
The lack of a strongly perturbed community in our dataset, along with the incorporation of previous studies demonstrating an oil related perturbation signal, suggests that impacted sediment communities had returned or are returning to baseline conditions. Finally, the biogeographical distributions of seafloor microbial populations were used to generate a predictive model for over 4000 dominant populations that relies on easy-to-obtain geospatial variables. With this model, it is possible to predict community compositions across the Gulf of Mexico, and use deviations from such a prediction as a tool to assess future impacted sediments that may be poorly characterized along with natural ecosystems that are conspicuously different from oligotrophic ecosystems such as cold seeps.
Figure 1 Map of the Gulf of Mexico.
All yellow points are sites that were profiled for oxygen concentrations, while sites with black points are those that only have microbial community data. Sites in red are represented by both oxygen and microbial community data. All sites sampled for microbial data are labeled with the site name, which can be seen in Table S1 . 
